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Limiting the rise in global mean temperatures relies on reducing carbon 40 
dioxide (CO2) emissions and on the removal of CO2 by land carbon sinks. 41 
China is currently the single largest emitter of CO2, responsible for ~27% 42 
(~2.67 PgC/yr) of global fossil fuel emissions in 20171. Current understanding 43 
of Chinese land biosphere fluxes has been hampered by sparse data 44 
coverage2-4 resulting in a wide range of a posteriori flux estimates. Here, we 45 
present newly available atmospheric CO2 mole fraction data measured from six 46 
sites across China during 2009-2016. Using these data, we estimate a Chinese 47 
land biosphere sink of -1.11±0.38 PgC/yr, equivalent to approximately 45% of 48 
annual estimated Chinese fossil fuel emissions in 2017. Our estimate reflects a 49 
previously underestimated land carbon sink over southwest China (Yunnan, 50 
Guizhou, and Guangxi provinces) throughout the year and over northeast 51 
China (especially Heilongjiang and Jilin provinces) during summer months. 52 
These provinces have established a pattern of rapid afforestation of 53 
progressively larger forested regions5-6, with provincial forest areas increasing 54 
by 0.04-0.39x106ha/yr over the past 10-15 years. These large-scale changes 55 
reflect the expansion of fast-growing plantation forests that contribute to 56 
timber exports and the domestic production of paper7. Space-borne 57 
observations of vegetation greenness show a significant increase with time 58 
over this study period, supporting the timing and increase in the land carbon 59 
sink over these afforestation regions. 60 
The global mass and growth of atmospheric CO2 can be determined by surface-61 
based measurements8. The largest anthropogenic emissions of CO2 include fossil 62 
fuel combustion, cement production, and human-driven changes to land use1. 63 
Reconciliation of bottom-up emission estimates of these anthropogenic processes, 64 
accounting for widely assumed uncertainties, with atmospheric CO2 measurements 65 
reveals a surprisingly invariant airborne fraction of 44±14%9. The remainder is 66 
absorbed by the ocean and land biosphere10. Sparse measurements of oceanic 67 
pCO2, taking advantage of large-scale spatial-temporal correlations, allow estimation 68 
of ocean CO2 fluxes11; although regional campaigns highlight large flux variations in 69 
successive years12. The residual of these mass balance terms yields the magnitude 70 
of the land biosphere carbon balance10. Current understanding of the land biosphere, 71 
encapsulated in numerical models, requires additional uptake to be reconciled with 72 
the data-driven residual term, even accounting for uncertainties3. And therein lies the 73 
crux of the challenge faced by the science and policy communities: effective 74 
mitigation of fossil fuel CO2 emissions within a large-scale, dynamic natural carbon 75 
cycle that we do not quantitatively understand.  76 
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China overtook the United States in 2006 as the single largest emitter of CO2 from 77 
fossil fuel combustion and cement production13. These emission estimates have 78 
large uncertainties14 that translate into larger uncertainties for residual terrestrial 79 
biosphere flux estimates2-3 (see Methods). Sparse in situ observations over China 80 
result in a large model spread of a posteriori terrestrial fluxes estimates2,3,15, with 81 
values highly sensitive to available data4. 82 
Constraints on CO2 flux estimates 83 
In this study, we use newly available in situ CO2 mole fraction data (collectively 84 
describing weekly flask and hourly continuous measurements) over China (see Data 85 
and SI; Extended Data Fig. 1) from 2009 to 2016 to show how these data can revise 86 
the provincial and national carbon balance of China. We corroborate our unexpected 87 
a posteriori flux estimates with independent satellite remote sensing measurements 88 
of vegetation greenness, soil water availability, a posteriori fluxes inferred from 89 
satellite column observations of CO2, and with consecutive Chinese forest censuses. 90 
We use several sources of data to investigate the Chinese carbon balance (see 91 
Methods and SI): in situ measurements of CO2 mole fraction, satellite column 92 
observations of CO2, leaf area index (LAI), normalized difference and enhanced 93 
vegetation indices (NDVI, EVI), liquid water equivalent thickness derived from gravity 94 
anomalies, and above ground biomass inferred from microwave measurements. The 95 
atmospheric data are interpreted using the GEOS-Chem atmospheric transport 96 
model coupled with a Bayesian inversion tool to infer CO2 fluxes from the 97 
atmospheric data (see Data and Methods). 98 
CO2 fluxes inferred from atmospheric data 99 
First, we use an atmospheric inversion to estimate the magnitude and distribution of 100 
land biosphere CO2 fluxes over China (see Methods). Inversion SR-1, which uses 101 
only the ObsPack GLOBALVIEWplus data (Fig. 1a) provided by the Earth System 102 
Research Laboratory (ESRL) of the National Oceanic and Atmospheric 103 
Administration (NOAA), shows a CO2 sink over most of China (Fig. 1b), mainly 104 
focused over central China, northeast China, and southern China. These data are 105 
consistent with a mean annual net uptake estimate for the terrestrial biosphere of -106 
0.66±0.52 PgC/yr (2010—2016), varying from -0.52±0.54 PgC/yr in 2015 to -107 
0.77±0.47 PgC/yr in 2016 (Fig. 1e, Table 1). We find the annual Chinese carbon sink 108 
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is mostly due to uptake during the growing season, particularly during June to 109 
August (Fig. 1f).   110 
Including the Siberian tower data (see Data, Table S1) broadly increases CO2 111 
uptake over China and India. The additional Chinese sites (Extended Data Fig. 1), 112 
together with the Siberian data, in inversion SR-2 (Fig. 1a) have two major impacts 113 
on our understanding of the Chinese carbon budget. First, these data bring into 114 
sharper focus the distribution of Chinese CO2 fluxes (Fig. 1c), increasing the net 115 
uptake over the southwest (mainly Yunnan, Guizhou, and Guangxi provinces), and 116 
increasing net emissions over the northeast (mainly Heilongjiang, Jilin and Liaoning 117 
provinces) relative to SR-1 (Fig. 1d). Second, the resulting uncertainties of the 118 
Chinese CO2 budget are also much smaller than using only the NOAA ObsPack data 119 
(Fig. 1f, Fig. S6). 120 
Table 1 reports annual CO2 fluxes for China. Using inversion SR-2, we find the mean 121 
annual Chinese land biosphere sink is -1.11±0.38 PgC/yr over 2010-2016. The 122 
magnitude of this sink term is 67.5% larger than the a posteriori values inferred from 123 
SR-1 for the same period (-0.66±0.52 PgC/yr), with uncertainties reduced by about 124 
27% (Fig. 1f, Table 1; Fig. S6). This revised sink term is substantially larger (i.e. 125 
more uptake) than many recent estimates3-4,15-19 that cover various periods between 126 
1980 to 2013 and inferred using different methods and data, including the inversion 127 
of atmospheric data (Table 1).   128 
Our a posteriori estimate of CO2 uptake over southwest China (18-30°N, 95-110°E) 129 
accounts for about 32% of the uptake over mainland China. We also find evidence of 130 
substantial year to year variability of carbon uptake across China (Figs. 2a and 2b), 131 
with the largest values during boreal summer months. As we discuss below this 132 
variation is at least partly due to the young age structure of this forest ecosystem20-22 133 
and variations in meteorology (Fig. S13). The relatively smaller uptake over 134 
northeast China (compared to SR-1) is due to the elevated sink during the growing 135 
season (Figs. 2c and 2d, Extended Data Fig. 2) that is compensated by emissions 136 
during the rest of the year. 137 
Understanding the CO2 flux distributions 138 
In the absence of independent downwind data that are sensitive to our a posteriori 139 
changes in Chinese CO2 fluxes, we also infer independent CO2 flux estimates using 140 
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satellite column observations of CO2 from the Japanese Greenhouse gases 141 
Observing SATellite (GOSAT)23 and the NASA Orbiting Carbon Observatory (OCO-2) 142 
(see Data). Using these satellite data, we find that a posteriori CO2 fluxes during the 143 
growing season (May to September) show larger uptake over central, northeast and 144 
southern parts of China than SR-1, consistent with the SR-2 inversion (Extended 145 
Data Fig. 3). Differences between these flux estimates can be partly explained by 146 
seasonal changes in clear-sky views (Extended Data Fig. 4) that are determined by 147 
cloud cover and aerosol loading. We find major gaps over China in winter, where the 148 
a priori information plays a larger role in the a posteriori solution (Extended Data Fig. 149 
5).  150 
Using reports from quinquennial Chinese forest inventories24, we find that since the 151 
1990s northeast and southwest China have experienced a period of rapid growth in 152 
forest area (Extended Data Fig. 6, Extended Data Table 1), reflecting national 153 
policies25. These findings are supported by remote sensing observations of land 154 
cover (Extended Data Fig. 7), vegetation indices (Fig. 3a, Extended Data Fig. 8, Figs. 155 
S11-S12) and above ground biomass (Fig. 3b) that show small but significant 156 
upward trends. A consequence of the rapid increase of afforestation during the last 157 
30 years is that Chinese forests contain a large fraction of young and mid-aged trees 158 
(Extended Data Fig. 9), which are associated with a high rate of carbon 159 
sequestration6,21,26,27. 160 
The southwest region, in particular the Guangxi autonomous region, is populated by 161 
Eucalyptus, which is a fast growing and high-yielding tree species with high potential 162 
biomass carbon sequestration28. These eucalyptus plantations are irrigated and 163 
fertilized, factors that would need to be considered in the overall environmental value 164 
of this carbon sink. Correlative satellite data of leaf phenology and groundwater (Fig. 165 
3, SI) clearly show upward trends that together are consistent with a progressively 166 
larger biological carbon sink. Because it is a managed ecosystem, the southwest 167 
region appears to be insensitive to wider changes in climate (Fig. S13-14), 168 
particularly during the 2009-2010 drought associated with reduced precipitation29.   169 
We have shown that using atmospheric CO2 measurements collected at a small 170 
number of additional sites changes our understanding of the distribution of CO2 171 
fluxes over China. This reflects the sparse and uneven distribution of ground-based 172 
 6 
measurements. Our use of satellite observations to verify a posteriori fluxes inferred 173 
from the in situ data heralds a new era in CO2 monitoring.  174 
References 175 
1. Quere C L, et al. Global Carbon Budget 2018. Earth Syst. Sci. Data., 10(4): 2141-2194 176 
(2018). 177 
2. Peylin, P. et al. (2013). Global atmospheric carbon budget: results from an ensemble of 178 
atmospheric CO2 inversions. Biogeosciences 10, 6699-6720 (2013). 179 
3. Thompson, R. L. et al. Top–down assessment of the Asian carbon budget since the mid 180 
1990s. Nat. Commun. 7, 1-10 (2016). 181 
4. Jiang, F., et al. A comprehensive estimate of recent carbon sinks in China using both top-182 
down and bottom-up approaches. Sci. Rep. 6, 1-9 (2016) 183 
5. Pan, Y., et al. A large and persistent carbon sink in the world’s forests. Science 333, 988-184 
993 (2011). 185 
6. Zhang, Y., Yao, Y., Wang, X., Liu, Y., & Piao, S. Mapping spatial distribution of forest age 186 
in China. Earth and space science 4, 108-116 (2017). 187 
7. Williams, R. A. Mitigating biodiversity concerns in Eucalyptus plantations located in South 188 
China. Journal of Biosciences and Medicines, 3, 1-8 (2015). 189 
8. Ed Dlugokencky and Pieter Tans, NOAA/ESRL (www.esrl.noaa.gov/gmd/ccgg/trends/) 190 
9. Barlow, J. M., Palmer, P. I., Bruhwiler, L. M., & Tans, P. Analysis of CO2 mole fraction 191 
data: first evidence of large-scale changes in CO2 uptake at high northern 192 
latitudes.  Atmos. Chem. Phys. 15, 13739-13758 (2015). 193 
10. Schimel, D. S. et al. Recent patterns and mechanisms of carbon exchange by terrestrial 194 
ecosystems. Nature 414, 169–172 (2001) 195 
11. Takahashi, T. et al. Climatological mean and decadal change in surface ocean pCO2, 196 
and net sea–air CO2 flux over the global oceans. Deep Sea Res. II. 56, 554-577 (2009). 197 
12. Rödenbeck, C. et al. Data-based estimates of the ocean carbon sink variability–first 198 
results of the Surface Ocean pCO2 Mapping intercomparison 199 
(SOCOM). Biogeosciences, 12, 7251-7278 (2015). 200 
13. Gregg, J. S., Andres, R. J. & Marland, G. China: Emissions pattern of the world leader in 201 
CO2 emissions from fossil fuel consumption and cement production. Geophys. Res. Lett. 202 
35, 1-5 (2008). 203 
14. Liu, Z., et al. Reduced carbon emission estimates from fossil fuel combustion and 204 
cement production in China. Nature, 524, 335-338 (2015). 205 
15. Piao, S. L. et al. The carbon budget of terrestrial ecosystems in East Asia over the last 206 
two decades. Biogeosciences, 9, 3571-3586 (2012). 207 
16. Piao, S., et al. The carbon balance of terrestrial ecosystems in China. Nature, 458(7241), 208 
1009-1013(2009). 209 
17. Tian, H., et al. Net exchanges of CO2, CH4, and N2O between China's terrestrial 210 
ecosystems and the atmosphere and their contributions to global climate warming. J. 211 
Geophys. Res. Atmos.116, G02011,1-13(2011). 212 
18. Zhang, H., et al. Net terrestrial CO2 exchange over China during 2001–2010 estimated 213 
with an ensemble data assimilation system for atmospheric CO2. J. Geophys. Res. 214 
Atmos. 119(6), 3500-3515(2014). 215 
19. Wang, Q., et al. Primary estimation of Chinese terrestrial carbon sequestration during 216 
2001-2010. Sci. Bull. 60(6), 577-590(2015). 217 
20. Fang, J. Y., Chen, A. P., Peng, C. H., Zhao, S. Q. & Ci, L. Changes in forest biomass 218 
carbon storage in China between 1949 and 1998. Science 292, 2320-2322 (2001). 219 
21. Pan, Y., Luo, T., Birdsey, R., Hom, J., & Melillo, J. New estimates of carbon storage and 220 
sequestration in China’s forests: effects of age–class and method on inventory-based 221 
carbon estimation. Clim. Change 67, 211-236 (2004). 222 
 7 
22. Pan, Y., et al. A large and persistent carbon sink in the world’s forests. Science 333, 988-223 
993 (2011). 224 
23. Yokota, T. et al. Global concentrations of CO2 and CH4 retrieved from GOSAT: First 225 
preliminary results. Sola, 5, 160-163 (2009). 226 
24. Zeng, W., Tomppo, E., Healey, S. P., & Gadow, K. V.  The national forest inventory in 227 
China: history-results-international context. Forest Ecosystems, 2, 1-16 (2015). 228 
25. Liu, J., Li, S., Ouyang, Z., Tam, C., & Chen, X. Ecological and socioeconomic effects of 229 
China's policies for ecosystem services. PNAS, 105, 9477-9482 (2008). 230 
26. Wang, S.  et al. Relationships between net primary productivity and stand age for several 231 
forest types and their influence on China’s carbon balance. J. Environ. Manage. 92, 232 
1651-1662 (2011). 233 
27. Yu, Y. et al. Influence of site index on the relationship between forest net primary 234 
productivity and stand age. PloS one, 12, 1-20 (2017). 235 
28. Du, H. et al. Carbon storage in a Eucalyptus plantation chronosequence in Southern 236 
China. Forests, 6, 1763-1778 (2015). 237 
29. Xu, K., Yang, D., Xu, X., & Lei, H. Copula based drought frequency analysis considering 238 




JW acknowledges support by the Strategic Priority Research Program of Chinese 243 
Academy of Sciences (Grant #XDA17010100) and funding from the UK Natural 244 
Environmental Research Council (NERC) National Centre for Earth Observation 245 
(NCEO).   LF, PIP and HB are supported by the NERC NCEO (Grant 246 
#NE/R016518/1). HB acknowledges funding from the ESA CCI and C3S projects. 247 
PIP also acknowledges funding from a Royal Society Wolfson Research Merit Award.  248 
YL is supported by the international partnership program of the Chinese Academy of 249 
Sciences (Grant #134111KYSB20170010). SF is supported by the National Key 250 
Research and Development Program of China (Grant #2017YFC0209700). DY is 251 
supported by the National Key Research and Development Program of China (Grant 252 
#2016YFA0600203). CWO was supported by subcontracts from the OCO-2 project 253 
at the NASA Jet Propulsion Laboratory. JW, LF, PIP, YL, HB, and DY gratefully 254 
acknowledge funding from the ESA-MOST Dragon 3 Cooperation Programme. We 255 
gratefully acknowledge all CO2 ground observations contributors to the 256 
obspack_co2_1_GLOBALVIEWplus_v4.1_2018-10-29 and to NOAA ESRL for 257 
maintaining this database. We also acknowledge data provided by Hong Kong 258 
Observatory, the Japan-Russia Siberia Tall Tower Inland Observation Network, and 259 
the World Data Centre for Greenhouse Gases. The NDVI, EVI and LAI data were 260 
retrieved from the online Data Pool, courtesy of the NASA Land Processes 261 
 8 
Distributed Active Archive Center (LP DAAC), USGS/Earth Resources Observation 262 
and Science (EROS) Center, Sioux Falls, South 263 
Dakota, https://lpdaac.usgs.gov/data_access/data_pool. We also thank Peter 264 
Somkuti for GOSAT SIF data and the broader GOSAT team who provided the L1 265 
data. 266 
 267 
Author Contributions 268 
YL, PIP, and LF designed the research; SF and LL processed and evaluated the 269 
observed data; JW and LF performed the atmospheric inversion analysis and data 270 
analysis; XT and CX provided the national forest inventory data. All authors 271 
contributed to the interpretation of the data. PIP and JW led the writing of the paper. 272 
 273 
Competing Interests 274 
The authors declare no competing financial interests. 275 
 276 
Additional information 277 
Supplementary information is available for this paper. 278 
Correspondence and request for materials should be addressed to Paul Palmer 279 
(paul.palmer@ed.ac.uk). 280 
 281 
Methods  282 
 283 
Data:  284 
In situ CO2 mole fraction observations. We use (weekly) discrete flask air samples 285 
from 105 sites and (hourly) continuous observations from 52 sites that are part of the 286 
global atmospheric surface CO2 observations network. These are currently 287 
described by the Observation Package (ObsPack) 288 
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obspack_co2_1_GLOBALVIEWplus_v4.1_2018-10-29 data product30 from National 289 
Oceanic and Atmospheric Administration (NOAA) Earth System Research 290 
Laboratory (ESRL). We also use an additional Chinese data from World Data Centre 291 
for Greenhouse Gases (WDCGG) at Hok Tsui (HKG) provided by Hong Kong 292 
Observatory. 293 
 294 
We use CO2 mole fraction data from nine towers collected by the Japan-Russia 295 
Siberia Tall Tower Inland Observation Network (JR-STATION; Table S1, Extended 296 
Data Fig.1) over Siberia from 2009-201631-32. We also use weekly flask 297 
measurements and hourly continuous CO2 mole fraction measurements during 298 
2009-2016 of six new regional background sites over China (Longfengshan, 299 
Shangdianzi, Linan, Shangri-La, Jinsha, and Akedala) (Table S2, Extended Data Fig. 300 
1) are operated by the China Meteorological Administration33-34. Further details about 301 
these CO2 observations are in the SI.  302 
 303 
GOSAT observations. We use column CO2 data collected by the Japanese 304 
Greenhouse gases Observing SATellite (GOSAT), launched in January 2009 in a 305 
sun-synchronous orbit with a local overpass time over China around 13:0035. We use 306 
total column CO2 (XCO2) full-physics retrievals from GOSAT: v7.3 data product from 307 
the Atmospheric CO2 Observations from Space (ACOS) from the Jet Propulsion 308 
Laboratory38. 309 
 310 
OCO-2 observations. We use column CO2 data collected by NASA’s Orbiting 311 
Carbon Observatory (OCO-2), launched in July 2014 in a sun-synchronous orbit with 312 
a local crossing time over China around 13:3037. We use bias-corrected OCO-2 V8r 313 
data38 in this study. We use only nadir observations over land with a warning level 314 
<12. After considering observation error correlations we have thinned the data with a 315 
frequency of 0.1Hz, corresponding to an approximate distance of 75 km between 316 
successive measurements. 317 
 318 
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Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index 319 
(EVI) represent composite property of leaf area, chlorophyll and canopy structure. 320 
We use MOD13C2 (MODIS/Terra Vegetation Indices Monthly L3 Global 0.05° CMG 321 
V006)39 to get NDVI AND EVI information. The data are only retained with pixel 322 
reliability values masked as good data (“0”) or marginal data (“1”). 323 
 324 
Gravity Recovery and climate experiment (GRACE) provides information about 325 
changes in the water column40-42. Rooting depths of Chinese terrestrial ecosystems 326 
will likely be sufficiently deep that we cannot establish a direct and immediate 327 
relationship between vegetation and changes in precipitation. Changes in gravity due 328 
to changes in water column depth provide a much stronger relationship with 329 
vegetation access to water. We use the surface mass change data based on the 330 
RL05 spherical harmonics from CSR (Center for Space Research at University of 331 
Texas, Austin), JPL (Jet Propulsion Laboratory) and GFZ (Geoforschungs Zentrum 332 
Potsdam). The three different processing groups chose different parameters and 333 
solution strategies when deriving month-to-month gravity field variations from 334 
GRACE observations. We use the ensemble mean of the three data fields and 335 
multiply the data by the provided scaling grid. Data are available from 336 
http://grace.jpl.nasa.gov. 337 
 338 
Above-ground Biomass Carbon (ABC). We use ABC estimates (1993-2012) 339 
based on harmonized vegetative optical depth data for 1993 onwards derived from a 340 
series of passive microwave satellite sensors43. These sensors include the Special 341 
Sensor Microwave Imager (SSM/I), Advanced Microwave Scanning Radiometer for 342 
Earth Observation System (AMSR-E), FengYun-3B Microwave Radiometer Imager 343 
(MWRI) and Windsat. Data are available from http://www.wenfo.org/wald/global-344 
biomass 345 
 346 
Models:  347 
To describe the relationship between surface fluxes of CO2 and atmospheric CO2 we 348 
use the GEOS-Chem global 3-D chemistry transport model (v9.02). For our 349 
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experiments we run GEOS-Chem with a horizontal resolution of 4⁰ (latitude) ×5⁰ 350 
(longitude), driven by the GEOS-5 (GEOS-FP from 2013) meteorological analyses 351 
from the Global Modeling and Assimilation Office Global Circulation Model based at 352 
NASA Goddard Space Flight Centre.   353 
To describe atmospheric CO2, we use well-established emission inventories as our a 354 
priori flux estimates: 1) weekly biomass burning emissions44; 2) monthly fossil fuel 355 
emissions45-47(we use 88% of ODIAC fossil fuel45-46 inventory in this study, details in 356 
SI); 3) monthly climatological ocean fluxes11; and 4) three-hourly terrestrial biosphere 357 
fluxes48.   358 
We use an ensemble Kalman Filter (EnKF) framework49-51 to infer CO2 fluxes from 359 
the in situ or space-based measurements of atmospheric CO2 concentrations. 360 
Surface flux #!(%, ')	[kg/m2/s] at location x and time t is given by49,51:  361 
 #!(%, ') = #"(%, ') + ∑ -#./#(%, ')$# , 362 
where #"(%, ')  describes the a priori estimates [kg/m2/s]. The basis function set 363 
./#(%, ')  is defined as the pulse-like (monthly) CO2 fluxes over pre-defined 364 
geographic regions [kg/m2/s]. For each individual basis function, we estimate the 365 
unitless scaling coefficient -# 	by optimally fitting the model to observation data. The 366 
coefficients for the basis function set represent the state vector c.   367 
We use a total of 792 monthly basis functions split between 317 oceanic regions and 368 
475 land regions. These regions are based on established 22 regions in TransCom-369 
352. To infer Chinese CO2 fluxes on a spatial resolution of 4o (latitude) ×5o (longitude) 370 
we further divide the Eurasia temperate region into 78 sub-regions.  371 
We solve for the a posteriori state vector using the Kalman gain matrix 0:  372 
1% = 1& + 023'() − 561&78,  373 
where 1% and 1& represent the a priori and a posteriori estimates, respectively;  3*() 374 
denotes the atmospheric CO2 observations; and H describes the observation 375 
operator that relates surface fluxes to the observation data. In our case, H 376 
represents the GEOS-Chem model sampled at measurement locations, and in the 377 
case of satellite data also taking into account instrument sensitivity to CO2. 378 
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We assume a 50% uncertainty for monthly land terrestrial fluxes, and 40% for 379 
monthly ocean fluxes51. We assume land (ocean) a priori fluxes are correlated with a 380 
correlation length of 500 (800) km. 381 
We determine the terrestrial biosphere flux by subtracting the fossil fuel and cement 382 
production emission estimate (FF). This is a common approach2-4,53, based on an 383 
assumption about our knowledge of FF flux. Consequently, our biosphere fluxes 384 
depend to a certain degree on what we assume for anthropogenic emissions (Table 385 
S3).  386 
In addition to our control run (SR-2), we also report Chinese land biosphere fluxes 387 
that correspond to the ODIAC fossil fuel inventory45-46. We find that our total net a 388 
posteriori emissions of CO2 over China (1.35±0.38 PgC/yr) are not significantly 389 
different to our control inversion (1.37±0.38 PgC/yr), suggesting that our a posteriori 390 
fluxes are robust. However, our a posteriori land biosphere fluxes represent a larger 391 
sink of CO2 (-1.47±0.38 PgC/yr) compared to our control flux estimates (-1.11±0.38 392 
PgC/yr). Our larger a posteriori sink estimate is expected since we are subtracting a 393 
larger FF flux from the net emission estimate. This calculation also provides a crude 394 
measure of the land biosphere flux uncertainty due to uncertainties in FF fluxes. 395 
In the EnKF framework, the Kalman gain matrix 0 is approximated by48:  396 
0 ≈ ∆;∆<T[∆<∆<+ + >],-,  397 
where R is the observation error covariance matrix. ∆; represents the ensemble of 398 
perturbations to the state vector that are used to construct the a priori error 399 
covariance, @ ≈ ∆;∆;T, where T denotes the matrix transpose49. To compare with 400 
observation, ∆; is projected onto observation space using the observation operator 401 
∆< = 5(∆;). We assume no observation error correlations but include an additional 402 
1.0 ppm uncertainty to the reported observation errors to account for model transport 403 
errors.  404 
The methodology we use to estimate annual uncertainty estimates from the 405 
ensemble Kalman filter with a lagged window is described in detail in the SI. 406 
 407 
 13 
Data availability. CO2 mole fraction data from the Chinese sites used in this study 408 
are available at https://data.mendeley.com/datasets with name of ‘CO2 records from 409 
six sites in China’. Requests for further information about these data is directed to 410 
Shuangxi Fang (fangsx@cma.gov.cn). *NOTE to EDITOR: These data are now available via 411 
Extended Data Figure 1. They are also available via a private link: 412 
https://data.mendeley.com/datasets/w3bwmr6rfg/draft?a=074b5a77-d670-40bf-aff6-88802c174300. 413 
This link will be publicly available once the manuscript is published.* 414 
 415 
Code availability. The community-led GEOS-Chem model of atmospheric chemistry 416 
and model is maintained centrally by Harvard University 417 
(http://acmg.seas.harvard.edu/geos/), and is available on request. The ensemble 418 
Kalman filter code is publicly available as PyOSSE (https://www.nceo.ac.uk/data-419 
tools/atmospheric-tools/). 420 
 421 
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Legends for Extended Data Figures and Table  497 
Extended Data Fig. 1 In situ atmospheric CO2 measurements across East Asia. a 498 
Map showing the location of atmospheric CO2 measurement sites over East Asia 499 
used in our numerical experiments. Coloured dots represent individual measurement 500 
sites referred to by letter codes (Tables S1 and S2). Blue dots represent NOAA 501 
ObsPack stations, the cyan dot represents the HKG station from WDCGG, green 502 
dots represent Siberia stations, and red dots represent CMA regional background 503 
stations. b—g CO2 mole fraction observations (ppm) at the six sites across China 504 
from 2009 to 2017 used in this study. Discrete (weekly) flask air samples, denoted by 505 
blue dots, and continuous (hourly) observations, denoted by black dots, are collected 506 
and analyzed by the China Meteorological Administration.  507 
Extended Data Fig. 2 Monthly subcontinental Chinese CO2 flux estimates. a map 508 
showing the sub-continental geographical regions over China where we report a 509 
posteriori CO2 fluxes. Colours denote the proportion of each region that falls within 510 
mainland China. b—g monthly regional a priori and a posteriori biosphere CO2 fluxes 511 
(PgC/month) over China during 2010—2016. A posteriori fluxes are inferred from 512 
data used in the SR-1 and SR-2 inversions (see main text). Vertical lines and the 513 
orange envelope denote a priori and a posteriori uncertainties.  514 
Extended Data Fig. 3 Mean spatial distribution of a priori and a posteriori land 515 
biosphere CO2 fluxes (gC/m2/month) from May—September inferred from in situ and 516 
satellite observations of CO2. a shows our a priori fluxes, and b and c show the a 517 
posteriori fluxes corresponding to inversions SR-1 and SR-2 (see main text) that use 518 
in situ data. d and e show a posteriori fluxes inferred from column observations of 519 
CO2 from the Japanese Greenhouse gases Observing SATellite (GOSAT) and the 520 
NASA Orbiting Carbon Observatory (OCO-2), respectively. Flux estimates reported 521 
represent a temporal mean from 2010 to 2015, except for e that is only for 2015. 522 
Extended Data Fig. 4 Seasonal distribution and magnitude of satellite retrievals of 523 
column CO2 from December 2014 to November 2015. a—d show data from the 524 
Japanese Greenhouse gases Observing SATellite (GOSAT, v7.3 ACOS) and e—h 525 
show data from the NASA Orbiting Carbon Observatory (OCO-2, v8). See Data for 526 
further information.  527 
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Extended Data Fig. 5 A priori and a posteriori monthly biosphere CO2 fluxes over 528 
China inferred from the GOSAT CO2 column data and in situ data from 2010 to 2016. 529 
We also report a posteriori fluxes inferred from OCO-2 CO2 column from September 530 
2014 to December 2016. Vertical lines and shaded envelopes denote a posteriori 531 
uncertainties. Higher annual fluxes inferred from GOSAT and OCO-2 are due mainly 532 
to higher a posteriori fluxes during October to April when data coverage is sparse 533 
(Extended Data Fig. 4) and the fluxes are more influenced by a priori values.  534 
Extended Data Fig. 6 Changes in forest area (106 ha), forest stocks (108 m3), and 535 
forest coverage (%) over a—f six Chinese provinces and g China during 1973-2013. 536 
The x tick marks refer to the National Forest Inventory of China’s State Forestry 537 
Administration: 1st (1973-1976), 2nd (1977-1981), 3rd (1984-1988), 4th (1989-1993), 538 
5th (1994-1998), 6th (1999-2003), 7th (2004-2008), and 8th (2009-2013).  539 
Extended Data Fig. 7 Forest cover change over China during the period 2002-2012. 540 
a shows how land cover changed with from 0 (1) denotes non-forest (forest) in both 541 
2002 and 2012, 2 denotes conversion from non-forest to forest between 2002 and 542 
2012, and 3 denote conversion from forest to non-forest between 2002 and 2012. b 543 
described the forest percentage change from 2002 to 2012. Data are presented on a 544 
0.05ox0.05o spatial grid. 545 
Extended Data Fig. 8 Multi-year mean of satellite observations of vegetation indices,  546 
a normalized difference vegetation index (NDVI), b enhanced vegetation index (EVI), 547 
and c leaf area index (LAI); d solar induced fluorescence (SIF); e gross primary 548 
production (GPP); f net photosynthesis (PSN); and g above-ground biomass carbon 549 
(ABC) (see SI text). The mean is over 2010-2012, inclusive, for ABC, and over 2010-550 
2016 for the other data. 551 
Extended Data Fig. 9 Forest area (a-g) and stock (h-n) of five age groups over six 552 
key forested provinces and China. Forest stands are divided into five age groups:  553 
young, mid-aged, near-mature, mature and over-mature. Data are taken from the 8th 554 
NFI.  555 
Extended Data Table 1 Summary statistics calculated from the 6th to 8th (and 9th 556 
where available) National Forest Inventory of China’s State Forestry Administration 557 




Fig. 1 Chinese terrestrial biosphere CO2 fluxes. Vertical lines and the yellow 561 
envelope denote a posteriori uncertainties.  Annual mean spatial distributions of CO2 562 
fluxes (gC/m2/yr) 2010—2016 (inclusive) corresponding to a the a priori inventory 563 
and a posteriori CO2 fluxes corresponding to b SR-1 and c SR-2. f: difference 564 
between SR-2 and SR-1 (gC/m2/yr). a blue, cyan, green, and red dots denote NOAA 565 
ObsPack stations, the HKG station from WDCGG, JR-STATION stations, and CMA 566 
regional background stations, respectively. e Annual CO2 fluxes (PgC/yr) from the a 567 
priori inventory and a posteriori fluxes inferred from (SR-1) NOAA ObsPack CO2 568 
mole fraction measurements, and (SR-2) NOAA+Siberian+CMA+HKG CO2 mole 569 
fraction measurements from 2010 to 2016, inclusive; and f corresponding monthly 570 




Fig. 2 Terrestrial biosphere CO2 fluxes over NEC and SWC. Monthly CO2 fluxes 574 
(PgC/month) from the a priori inventory and a posteriori fluxes inferred from SR-1 575 
and SR-2 from 2010 to 2016 over a NEC and c SWC; and corresponding annual 576 
fluxes (PgC/yr) over b NEC and d SWC.  Vertical lines and the yellow envelope 577 
denote a posteriori uncertainties. Northeastern China that lies within 38-54°N, 120-578 
135°E and southwestern China that lies within 18-30°N, 95-110°E 579 
 580 
  581 
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 582 
Fig. 3  Satellite observations relating to vegetation growth. a leaf phenology, b above 583 
ground biomass and c liquid water equivalent thickness over southwestern China 584 
(18-30°N, 95-110°E). Data record lengths vary according to the sensor lifetime. a: 585 
successive years (2010-2016) of superimposed monthly enhanced vegetation index 586 
(EVI) from MODIS. b Above-ground biomass (MgC/ha) harmonized from several 587 
sensors (1993-2012). c Liquid water equivalent thickness (cm) from the Gravity 588 
Recovery And Climate Experiment (GRACE) (2009-2016). The linear best-fit lines 589 
(dashed lines) and the associated p-values are shown inset of b and c.  More 590 
detailed data descriptions can be found in the SI.  591 
 1 
 Tables 592 
 593 
Table 1 CO2 fluxes (PgC/yr) of previous studies and this study over China and East Asia. In this study, inversion SR-1 denotes 594 
NOAA ObsPack in situ data (including one site over China); inversion SR-2 denotes in situ data from NOAA ObsPack, Siberia, and 595 
from China. Uncertainties represent one standard deviation from the mean value. 596 
 597 
This study (PgC/yr) Previous Studies (PgC/yr) 
Year SR-1 SR-2 Method Period Carbon balance Ref 









































2011 -0.74±0.53 -1.32±0.36 
2012 -0.74±0.53 -1.25±0.39 
2013 -0.61±0.55 -0.87±0.45 
2014 -0.68±0.49 -1.08±0.39 
2015 -0.52±0.54 -1.03±0.34 
2016 -0.77±0.47 -1.25±0.31 
2010-2016 Mean -0.66±0.52 -1.11±0.38 
★ net CO2 flux of terrestrial biosphere 598 
☆ net CO2 flux of terrestrial biosphere, including the contribution from the oxidation of reduced carbon. 599 
#  East Asia, including China, Japan, North and South Korea, Mongolia. 600 
† Ensemble model median and range. 601 
 602 
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1 Atmospheric CO2 Data 32 
NOAA/ESRL ObsPack database 33 
We use discrete (weekly) flask air samples from 105 sites and continuous (hourly) 34 
observations from 52 sites that are part of the global atmospheric surface CO2 35 
observations network. These are currently described by the Observation Package 36 
(ObsPack) obspack_co2_1_GLOBALVIEWplus_v4.1_2018-10-29 data product 37 
(ObsPack, 2018) from National Oceanic and Atmospheric Administration (NOAA) 38 
Earth System Research Laboratory (ESRL). We use these data to estimate large-39 
scale CO2 fluxes that represent upwind boundary conditions for our China study 40 
region. We use weekly flask and hourly surface observed CO2 data provided by 41 
NOAA/ESRL, depending on data availability at each site. The ObsPack data product 42 
includes NOAA flask measurements at two Chinese sites (Extended Data Figure 1): 43 
Mt. Waliguan (WLG) and Shangdianzi (SDZ). The China Meteorological 44 
Administration (CMA) collect collocated CO2 flask measurements at WLG and SDZ. 45 
WLG is located in the northeastern part of the Tibetan Plateau in western China. The 46 
station is situated far from industrial and populated centres, providing atmospheric 47 
information about emissions from the Eurasian continent (Zhou et al., 2004, 2005). 48 
The SDZ station is located 150 km northeast of Beijing (Fang et al., 2014) and 49 
provides a constraint on fluxes over the north China plain. 50 
WDCGG network 51 
We also use additional Chinese data at Hok Tsui (HKG) provided by Hong Kong 52 
Observatory (Fung et al, 2010) and accessed from the World Data Centre for 53 
Greenhouse Gases (WDCGG). HKG is situated at Hok Tsui Peninsular at the south 54 
eastern coast of Hong Kong Island (22o12’N, 114 o15’E, 60 m.a.s.l.), approximately 55 
20 km from the urban centre of Hong Kong. There is no major road or settlement 56 
within 3 km of HKG, and therefore this site is considered to be representative of the 57 
larger-scale Pearl River Delta region. 58 
JR-STATION network 59 
We use CO2 mole fraction data from the Japan-Russia Siberia Tall Tower Inland 60 
Observation Network (JR-STATION; Table S1, Extended Data Figure 1) over 2009-61 
2016 (Sasakawa et al., 2010, 2013; Watai et al., 2010). We use these data to 62 
provide additional constraints to boreal Eurasia CO2 fluxes. 63 
The network was constructed by the Center for Global Environmental Research at 64 
the Japanese National Institute for Environmental Studies with the cooperation of the 65 
Russian Academy of Science. It includes eight towers over western Siberia and one 66 
in eastern Siberia at Yakutsk (Extended Data Figure 1). A nondispersive infrared 67 
(NDIR) analyser (LI-820, LI-COR, USA) is used to measure CO2 mole fraction. 68 
These CO2 observations data were calibrated against NIES 09 CO2 scale.  69 
For our experiments we use hourly data collected during 13:00-17:00 local time 70 
when we expect the atmosphere is well mixed and representative of a large 71 









BRZ Berezorechka 56.15o N 84.33o E 150 5,20,40,80 
KRS Karasevoe 58.25o N 82.42o E 50 35,67 
IGR Igrim 63.19o N 64.42o E 25 24,47 
NOY Noyabrsk 63.43o N 75.78o E 100 21,43 
DEM Demyanskoe 59.79o N 70.87o E 75 45,63 
SVV Savvushka 51.33o N 82.13o E 400 27,52 
AZV Azovo 54.71o N 73.03o E 100 29,50 
VGN Vaganovo 54.50o N 62.32o E 200 42,85 
YAK Yakutsk 62.09o N 129.36o E 130 11,70 
Table S1 Atmospheric CO2 sites over Siberia (JR-STATION) used in our calculations. 74 
 75 
China Meteorological Administration in situ observation network over China  76 
 77 
The China Meteorological Administration (CMA) is responsible for greenhouse gases 78 
observations under the framework of World Meteorological Organization/Global 79 
Atmosphere Watch programme (WMO/GAW).  80 
 81 
We use hourly or weekly CO2 data from 2009-2016 at seven stations in CMA, 82 
including one WMO/GAW global station, three WMO/GAW regional stations, and 83 
three CMA background stations. Location of the seven stations is illustrated in 84 
Extended Data Figure 1, Table S2.  85 
 86 
Identifying 






WLG Mt.Waliguan 36.12o N 100.06o E 3816.0 10, 80 
Northeastern of the 
Tibetan Plateau 
 
SDZ Shangdianzi 40.65o N 117.12o E 293.3 10, 80 
The North China 
Plain 
 
LFS Longfengshan 44.73o N 127.60o E 330.5 10, 80 Northeastern Plain 
 
LAN Lin’an 30.30o N 119.72o E 138.6 10, 50 
Yangtze River Delta 
Economic Zone 
 
SL Shangri-La 28.00o N 99.40o E 3580.0 5*, 10, 50 southwest of China 
 
JS Jinsha 29.63 o N 114.22 o E 750.0 5* 
Jianghan plain, 
Centre of China 
 
AKDL Akedala 47.10o N 87.93o E 562.0 5* Junggar Basin, 
northwest of China 
Table S2 Atmospheric CO2 sites over mainland China used in our calculations. 87 
Sampling heights marked by an asterisk correspond to flask samples. 88 
The Waliguan Baseline Observatory is the only WMO/GAW global atmospheric 89 
background station in China and also the only global atmospheric background 90 
station in inland Eurasia. The observatory is built on the top of mountain Waliguan in 91 
the northeast of the Tibet plateau. Greenhouse gases measurements from this site 92 
provide essential information on sources and sinks from within the Eurasian 93 
continent because of its unique location. The observed data at the site is also 94 
submitted to World Data Centre of Greenhouse Gases (WDCGG) and used for many 95 
 4 
scientific products (e.g., Global View database, WMO/GAW GHGs bulletin). 96 
 97 
The LAN station is located at the centre of the Yangtze Delta area, 50 km from 98 
Hangzhou (the capital of Zheijang province) and 150 km from Shanghai. The 99 
Yangtze Delta economic zone represents one of the largest economic centres in 100 
China. The LFS station is in Northeast China, 175 km Southeast of Harbin City (the 101 
capital of Heilongjiang province) and provides a constraint on fluxes originating from 102 
the Northeastern Plain. The SDZ station is located 150 km northeast of Beijing (the 103 
capital of China) and provides a constraint on fluxes from the north China plain. The 104 
SL station is situated in Southwest China, 30 km north of Shangri-La county and 460 105 
km from Kunming (the capital of Yunnan province). It resides in the transition zone of 106 
the Yunnan-Guizhou Plateau and the Tibetan Plateau. The JS station is located in 107 
the Jianghan plain located in the centre of China. AKDL is in the Xinjiang 108 
autonomous region in Northwest China and provides a constraint on the Gobi 109 
wetlands that reside between grassland and sparsely vegetated regions. 110 
 111 
Instruments With the exception of JS and AKDL, all stations continuously measure 112 
CO2 mole fractions using cavity ring-down spectroscopy (CRDS) analysers. The 113 
model of instruments was initially G1301 (Picarro Inc. USA), which we upgraded in 114 
2015 to G2401 (Picarro Inc. USA).  115 
 116 
Picarro CRDS instruments are commonly used by the global GHG measurement 117 
community because they have been proven suitable for making precise 118 
measurement of CO2 mole fractions. The analysers have a highly linear response 119 
and are very stable (Crosson, 2008).  120 
 121 
Figure S1 shows a schematic of the analytical system at Chinese stations. Ambient 122 
air is delivered to the instrument by a vacuum pump (N022, KNF Neuberger, 123 
Germany) via a dedicated 10 mm o.d. sampling line (Synflex 1300 tubing, Eaton, 124 
USA) and via a polytetrafluoroethylene (PTFE) 7 µm filter. The filtered ambient air is 125 
then pressurized to 1 atm and dried to a dew point of approximately - 60 °C by 126 
passing it through a glass trap submerged in a -70 °C ethanol bath (MC480D1, SP 127 
Industries, USA). An automated sampling module equipped with a VICI 8 port multi-128 
position valve has been designed to sample from separate gas streams (standard 129 
gas cylinders, described below, and filtered ambient air). The residence time of the 130 
air from the top of the inlet to the analysers is less than 60 s. Further details about 131 
the measurement strategy are described by Fang et al. (2014). 132 
 133 
 134 
Figure S1 Schematic of the CRDS in situ observation system. WH denotes Working 135 
High standard, WL denotes Working Low standard, and T denotes Target gas. 136 
 137 
The CO2 mole fractions at JS and AKDL are collected as part of a larger discrete 138 
 5 
flask sampling programme in China (with eight stations), similar to the NOAA flask 139 
program (Dlugokencky et al., 1994). Two samples are collected in series using glass 140 
flasks and a portable battery powered sampling apparatus with a 5 m (a.g.l.) intake 141 
height. Weekly flask samples are collected at JS and AKDL and shipped to Beijing 142 
where they are analysed for CO2. The CO2 in flask samples are analysed by a 143 
Picarro G2301 (Picarro Inc. USA) system with a flow rate of 150 mL min-1. The 144 
repeatability of flask-Picarro system is approximately 0.1 ppm. 145 
 146 
Calibration The in situ CO2 observation systems are routinely calibrated against the 147 
standards propagated by the WMO/GAW CO2 Central Calibration Laboratory 148 
operated by NOAA/ESRL using the WMO X2007 scale (Zhao et al., 1997; Zhao and 149 
Tans, 2006). Carbon dioxide mole fractions are referenced to a Working High (WH) 150 
and a Working Low standard (WL) by using a linear two-point fit through the most 151 
recent standard gas measurements (WH & WL). Additionally, a calibrated cylinder 152 
filled with compressed ambient air is used as a target gas (T) to check the precision 153 
and stability of the system routinely.  154 
 155 
All standard gases are pressurized in 29.5 L treated aluminium alloy cylinders (Scott-156 
Marrin Inc) fitted with high-purity, two-stage gas regulators. An automated sampling 157 
module equipped with a VICI 8 port multi-position valve is designed to sample from 158 
separate gas streams (standard tanks and ambient air) at each of the station. The 159 
three standards are analysed by the system every 6 to 12 hours. Similarly, the flask 160 
measurements in Beijing lab are also linked to the WMO/GAW standards to 161 
guarantee the comparability. 162 
 163 
Quality assurance and quality control All the measurements used in this study are 164 
provided under the framework of WMO/GAW Programme. To check the system 165 
performance at each station a calibrated cylinder filled with compressed ambient air 166 
is used as a target gas (T) to check the precision and stability of the system 167 
routinely. The bias between the assigned and measured value is evaluated and 168 
accepted when it is less than ±0.2 ppm. Otherwise, the ambient measurements are 169 
flagged as invalid, and no longer considered. Figure S2 shows examples of the bias 170 
at four of our stations. For the flask measurements analysed in our Beijing 171 




Figure S2 Typical examples of measurement bias relative to target measurements. 175 
Bias is described here as the difference between the assigned and the measured 176 
values for the target gas cylinders. 177 
 178 
As a member of WMO/GAW programme we are obligated to participate in all 179 
comparison/audit activities sponsored by WMO/GAW to guarantee that our 180 
measurements continue to meet the goals of WMO/GAW. For example, results from 181 
the latest GAW round-robin (https://www.esrl.noaa.gov/gmd/ccgg/wmorr/) and the 182 
GAW World Calibration Centre (WCC) audit 183 
(https://www.empa.ch/documents/56101/250799/LAN_MOC_2016.pdf/e6d6ed18-184 
f318-47f0-a6d2-60f272bf9845) indicate that the in situ measurements used in this 185 
study meet the goals of WMO/GAW. Figure S3 shows an example of the CO2 186 
measurements audited at the LAN station, with bias reported between our 187 
measurements and the GAW WCC standards for six travel standards.  188 
 189 
 190 
Figure S3 Audited CO2 measurements at LAN station in China. Over the tested CO2 191 
mole fraction range, the measurements at LAN meet the ±0.1 ppm compatibility 192 
 7 
goals of WMO/GAW denoted by the green shaded region; the yellow shaded regions 193 
shows the extended goal. This figure is adapted with permission from the audit 194 




Data processing Because of the dead volume in the plumbing of the in situ system, 199 
the response of the system is not stable until one minute after switching to a different 200 
gas source using the multi-position valve. Acknowledging this, we sequentially 201 
connect every standard gas cylinder to the system for 5 minutes. Consequently, the 202 
raw ambient data are separated into 5-minute segments. The concentration routine 203 
discards the first 3 minutes of data and only uses the mean of the last 2 minutes to 204 
calculate the concentration through the latest linearity regression factors. Because 205 
the CRDS system measures every 2-3 seconds, the number of measurements in the 206 
last 2 minutes is sufficient to represent the conditions in identical 5 minutes 207 
segments. Invalid data caused by instrumental malfunction are checked with 208 
information from the station logbook. After computing CO2 mole fractions, the data 209 
are manually inspected. Occasionally, information in the station logbook identifies 210 
periods when measurements are affected by analytical or sampling problems 211 
including poor instrument performance or local influences such as nearby fires, 212 
vehicles, and cattle. After these steps, all of the 5-minute data are combined into 213 
hourly averages that we use in our study.  214 
 215 
Data filtering The CO2 observations at the sites are unavoidably influenced by local 216 
sources and sinks. Identification of regionally-representative CO2 measurements that 217 
are minimally influenced by local anthropogenic emissions or land biosphere is 218 
therefore essential. To distinguish the CO2 observations influenced by anthropogenic 219 
emissions adjacent to a station (villages, traffic emissions, etc.) and local vegetation 220 
canopy (field, forest, etc), as used in previous studies (Fang et al., 2014, 2015), we 221 
filter the hourly CO2 observations by considering the meteorological factors, local 222 
topography, and anthropogenic activities.  223 
 224 
We employ a three-stage data filtering process. First, we only use data during 225 
daylight hours, e.g. 10:00 to 16:00 (local time) at LAN and from 09:00 to 16:00 (local 226 
time) at LFS and SDZ, which have better representative conditions. Measurements 227 
of CO2 at LAN station from two levels (10 and 50 m a. g. l.) have shown that the 228 
vertical difference between the two levels is minimum (less than 0.2±0.2 ppm) 229 
between 10:00 and 16:00 and is stable. Thus, the data during this period of the day 230 
are selected when the boundary layer is high and the vertical mixing is strong (e.g., 231 




Figure S4 Example of diurnal differences of hourly CO2 mole fractions between the 235 
10 m and the top of each tower at a LAN and b LFS station. Error bars denote 236 
confidence intervals of 95%. 237 
 238 
Second, guided by nearby potential contamination sources, CO2 observations are 239 
determined to be locally representative when surface winds prevail from adjacent 240 
local sources/sinks such as villages, factories, and paddy rice fields. The rejected 241 
wind sectors (local representative) are flagged in four seasons at all of the stations. 242 
For example, the data when local surface winds are from SSW-SW and N sectors 243 
are flagged at LAN station to exclude the transports from the Lin’an town located at 6 244 
km southwest and the small factory (north of the station, 1.4 km away), where 245 
charcoal is manufactured from burning bamboo wood.  246 
 247 
Finally, to minimize the influence of very local sources and sinks, the remaining data 248 
is filtered by discarding data when the local surface wind speed is lower than 1.5 m 249 
s-1 (Beaufort scale 0 and 1). For the WLG station, we also flag the CO2 records when 250 
the wind speed is higher than scale 6 (>10.8 ms-1), because the higher wind speed 251 
may also transport emissions from much broader regions (e.g., Xining and Lanzhou) 252 
at WLG. After our three-step filter, the resulting hourly data is considered to be 253 
regionally representative and are used in our study.  254 
 255 
For the discrete flask samples at JS and AKDL, anomalous data caused by improper 256 
sample collection operations (Lang et al., 1990) or error in analysis (flagged by QC), 257 
are discarded. When the difference between pair samples is larger than 0.4 ppm, 258 
corresponding to three times the mean pair agreement, we consider one or both 259 
flasks are contaminated and discard the measurement. After this processing, the 260 
means of flask sample pairs are used in this study.  261 
 262 
Extended Data Figure 1 shows the hourly/weekly mean observations from the sites 263 
we use across China. We use some flask observations to fill gaps left by the CRDS 264 
system in SL. 265 
 266 
GOSAT and OCO-2 Satellite Observations 267 
We use column CO2 data collected by the Japanese Greenhouse gases Observing 268 
SATellite (GOSAT) and the NASA Orbiting Carbon Observatory (OCO-2). GOSAT 269 
was launched in January 2009 in a 666-km altitude sun-synchronous orbit with a 270 
local overpass time over China around 13:00 in its descending node (Kuze et al, 271 
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2016). OCO-2 was launched on July 2, 2014 and inserted into the front of the 705-272 
km Afternoon Constellation (A-Train) on August 3, 2014. It has a mean local 273 
overpass time of 13:36 in its ascending node and has a 16-day (233-orbit) ground-274 
track repeat cycle (Crisp, 2015). Recent work has shown that radiance 275 
measurements from earlier versions of these independent datasets (ACOS-GOSAT 276 
B7.3 and ACOS-OCO2 B7) are generally within 5% for all bands when they view the 277 
same scene at the same time (Kataoka et al, 2017). 278 
 279 
The GOSAT Thermal And Near-infrared Sensor for carbon Observation (TANSO) 280 
comprises two instruments: a Fourier Transform Spectrometer (FTS) and the Cloud 281 
and Aerosol Imager. The FTS observes five across-track nadir pixels (three across-282 
track pixels after August 2010) with a footprint diameter of 10.5 km, an across-track 283 
spacing of about 100 km, and an along-track spacing of 90–280 km. This results in 284 
an approximate three-day revisit time. We use the column-averaged dry air mole 285 
fraction of atmospheric CO2(XCO2) full-physics retrievals from v7.3 data (downloaded 286 
from GES DISC/GOSAT) product from the Atmospheric CO2 Observations from 287 
Space (ACOS) from the Jet Propulsion Laboratory (JPL, O’Dell et al., 2012). 288 
 289 
OCO-2 comprises three imaging grating spectrometers for three bands: two 290 
shortwave infrared CO2 bands and an O2 band (Crisp et al.,2008).  The OCO-2 291 
employs three observation modes: nadir, sun glint (specular reflection), and target. 292 
For routine science operations, OCO-2 either points the instrument boresight to the 293 
local nadir or towards sun glint. The spatial resolution of individual measurements is 294 
< 3km2 (Eldering et al., 2017).  We use ACOS v8r OCO-2 XCO2 data (O’Dell et 295 
al.,2018) for this work (downloaded from GES DISC/OCO-2). 296 
 297 
Extended Data Figure 4 shows the spatial coverage of clear-sky XCO2 data observed 298 
by GOSAT over China during December 2014 to November 2015. It shows a 299 
seasonal dependence, mainly reflecting changes in solar zenith angle and cloud 300 
coverage. There are very few data in winter over the northern part of China. 301 
Extended Data Figure 4 also shows that for the same period there are many more 302 
clear-sky observations from OCO-2, reflecting the smaller ground footprint of OCO-2 303 
measurement. 304 
 305 
2 Atmospheric Transport Model and ensemble Kalman Filter 306 
 307 
We use the GEOS-Chem global chemistry transport model (v9.02, 308 
http://acmg.seas.harvard.edu/geos/index.html) to relate a priori surface fluxes to 309 
atmospheric CO2 observations. We run the model at a spatial resolution of 4o latitude 310 
by 5o longitude and 47 vertical levels, driven by GEOS-5 (2009-2012) and GEOS-FP 311 
(2013-2016) meteorological analyses from the Global Modeling and Assimilation 312 
Office at NASA Goddard Space Flight Centre. We use a priori flux inventories to 313 
describe: monthly fossil fuel emissions, (Oda and Maksyutov, 2011); weekly biomass 314 
burning emissions (van der Werf et al., 2010); climatological monthly oceanic surface 315 
fluxes (Takahashi et al., 2009), and three-hourly terrestrial biosphere-atmosphere 316 
fluxes (Olsen and Randerson, 2004).  317 
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We use an ensemble Kalman filter (Feng et al., 2009, 2011, 2017) to infer a 318 
posteriori surface CO2 fluxes from atmospheric CO2 data. We estimate monthly 319 
fluxes on a spatial distribution based on TransCom-3 (Gurney et al., 2002) with each 320 
continental and ocean region further divided into sub-regions. On the global scale, 321 
we estimate fluxes for 475 land regions and 317 ocean regions (totally 792 regions, 322 
Figure S5) for each month between January 2009 and December 2016, resulting in a 323 
state vector length of 76,032. Over China, we infer fluxes at the spatial resolution of 324 
the atmospheric transport model, corresponding to 58 geographical regions. We 325 
discuss below the role of flux error correlations between neighbouring grid points. 326 
 327 
Figure S5 A map of the 792 geographical regions used in our inversions. 328 
Here, we outline the approach we use to estimate annual uncertainty estimates from 329 
the ensemble Kalman filter with a lagged window. This approach provides a simple 330 
approximation for estimating the uncertainty in multi-year a posteriori flux estimates. 331 
It is based on the assumption that direct temporal error correlations are introduced 332 
by sharing the same observation constraints, and hence they are relatively small 333 
when the time gap is larger than the lag window. This approach retains the 334 
correlations within our 4-month lag window while propagating indirect correlations 335 
step-by-step through overlaid months of the moving lag window.  336 
Following the sequential data assimilation theorem, observations for the whole 337 
experiment period are assimilated sequentially monthly. A posteriori estimates from 338 
each step are used as the a priori to assimilate observations in the following month. 339 
By assimilating observations at month i, we obtain the a posteriori error covariance 340 
!!":     341 
 !#$ = (" − $#%#)!#%,        (1)  342 
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where %#, a subset of the full Jacobian H, projects flux estimates corresponding to 343 
month i to observation space, and the Kalman gain matrix $#  for step i is determined 344 
by 345 
$! = !!&%'([%!!!&%!( + )!])*,     (2)  346 
where )# represents the observation error covariance subset for month I. !#% is the a 347 
priori flux for step i, which is the a posteriori error covariance from step i-1. We have 348 
assumed individual observations are independent.  349 
We now introduce flux perturbation matrices,  ∆,!+ and ∆,!,, as the square root of a 350 
priori and a posteriori error covariances, respectively: !!& = ∆,!&(∆,!&)( 	, and !!" =351 
∆,!"(∆,!")(.  As a result, we can re-write Eq. 2 as:  352 
	∆,!"(∆,!")( = ∆,!&[" − ∆0!((∆0!(∆0! + )!))*∆0!](∆,!&)(,    (3) 353 
where ∆0! = %!∆,!& represents the spread of the model concentration values as the 354 
response to flux perturbation matrix ∆,!+.  Following the Ensemble transform Kalman 355 
filter approach (Bishop et al., 2001), we introduce a transform matrix  1!: 356 
    1!(1!)( = [" − ∆0!((∆0!(∆0! + )!))*∆0!],                           (4) 357 
allowing us to rewrite Eq. 3 as:  358 
          ∆,!"(∆,!")( = (∆,!&1!)(∆,!&1!)( = ∆,!-*& (∆,!-*& )(,            (5a) 359 
or  360 
 ∆,!-*& = ∆,!" = ∆,!&1! .                                                   (5b)      361 
As shown in Eqs. 4 and 5, the transform matrix,  1! mainly reduces the spread of the 362 
flux perturbation matrix due to the assimilation of observations at month i. However, 363 
1! is usually non-diagonal, with off-diagonal values representing contributions to ∆0! 364 
from flux perturbations at different time and locations even though we assume )! is 365 
diagonal.    366 
After repeating the above steps to assimilate observations through the whole 367 
experiment period of m months, we obtain the final a posteriori error covariance:  368 
!" = ∆,." (∆,." )( = (∆,/10)(∆,/10)(,     (6) 369 
where the final transform matrix 11  is calculated iteratively by propagating from 370 
month i=1 to m:  371 
     11 = ∏ 1!.'23 .       (7) 372 
With the exception of our assumption of independent observations, no explicit 373 
approximation has been introduced in Eqs. 6 and 7 for determining the full a 374 
posteriori error covariance.  However, we have a total of 76032 (8 years x 12 months 375 
x 792 regions) variables. Any direct numerical computation using Eqs.6 and 7 would 376 
be  very expensive, partially because the projection of the flux perturbations to the 377 
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observation space (i.e., ∆0!~%!∆,!& ) also involves atmospheric modelling of tracer 378 
transport using a global 3D chemistry transport model.   379 
In our study, we use a moving lag window of 4 months to reduce computational cost. 380 
This is a common approach that assumes that observations at one time provide only 381 
weak constraints on past fluxes on time periods longer than 4 months, i.e. 382 
contributions are too dilute. It reduces the effective variable number to 3168 (4 383 
months x 792 regions) within each assimilation window, so that the corresponding 384 
transform matrix 1'4 has a much reduced dimension of 3168×3168, even when a full 385 
representation of the perturbation matrix is used (Feng et al., 2009, 2016).  Further, 386 
the windowed transform matrix 1'4   is one of the step-by-step outputs explicitly 387 
estimated in our current study based on an ensemble approach (Feng et al., 2009, 388 
2016).   389 
During post-processing, we use Eq. 7 to propagate the individual transform matrices  390 
1'4 in to the final a posteriori error covariance (Eq. 6). Constraint by observations on 391 
flux estimates outside their lag window is relatively weak and we ignore those 392 
contributions.  As such, we can approximate the full-size  1! , which describes the 393 





8 ,                 (8) 395 
where  "*,!)8, and "!-*,7 are identity matrices for preceding months 1 to i-4, and for 396 
the subsequent months i+1 to n, respectively. By applying the (approximated) full 397 
size 1! for each step to Eq. 7, we are able to construct the final transform matrix 11. 398 
Together with the assumed a priori flux perturbation  ∆,/, we can then estimate the 399 
full a posteriori error covariance via Eq. 6, enabling us to calculate aggregated 400 
uncertainty for selected region and time period.  401 
Our reported uncertainty for annual mean regional flux estimates should be 402 
considered as underestimates. Similar to alternative methods of estimating a 403 
posteriori errors, we are subject to the accuracy of often poorly quantified errors that 404 
describe the a priori and the atmospheric transport model. 405 
3 Results 406 
The impact of in situ data on understanding Chinese CO2 fluxes 407 
We use a simple error metric to determine the improvement in our understanding of 408 
Chinese CO2 fluxes from using the additional data over Siberia and China: γ = 1 −409 
;" ;&⁄  (Palmer et al, 2000), where ;"  and ;&  denote the a posteriori and a priori 410 
variance uncertainties, respectively.  411 
Figure S6 shows that the g metric from the NOAA/ESRL and the additional reduction 412 
from using the JR-STATION and Chinese data. We find that the Siberian data 413 
improve CO2 fluxes over most of boreal Eurasia, including the geographical region 414 
immediately upwind of China. This allows the new Chinese data to constrain flux 415 
estimates across China, as we report in detail below. 416 
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 417 
Figure S6 Example error reduction (g metric) for April 2011. Top panel shows the g 418 
metric after ingesting NOAA/ESRL ObsPack data (inversion SR-1, see main paper), 419 
and the bottom panel shows the g metric after ingesting ObsPack + JR-STATION + 420 
WDCGG and CMA data (inversion SR-2). Higher g values denote a larger reduction 421 
in flux uncertainties.  422 
Seasonal difference between SR-1 and SR-2 inversions  423 
Figure 1 shows that inversion SR-1 generally underestimates the annual uptake in 424 
Southwest China and the emission over eastern and northern China (north of 30oN, 425 
east of 110oE).  426 
Figure S7 shows that the seasonal SR-2 minus SR-1 differences averaged over 427 
2010-2016. We find that the SR-1 underestimates uptake in Southwest China 428 
throughout the year, and underestimates uptake in Northeast China mainly during 429 
summer months. This is further discussed below when we report changes in leaf 430 
phenology. We also find that SR-1 underestimates net emissions over eastern and 431 
northern China (38-54°N, 115-135°E) during spring, autumn, and winter months.  432 
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 433 
Figure S7 Seasonal mean differences of SR-2 minus SR-1 inversions during 2010-434 
2016 (gC/m2/month). 435 
Sensitivity of land biosphere fluxes to assumed a priori anthropogenic 436 
emissions 437 
Our inverse model calculations estimate the net CO2 flux. We determine the land 438 
biosphere flux by subtracting emission estimates from fossil fuel combustion and 439 
cement production. This is a common approach (Peylin et al., 2013; Thompson et 440 
al.,2016; Jiang et al.,2016), based on an assumption about our knowledge of fossil 441 
fuel emissions. Consequently, our biosphere fluxes depend on what we assume for 442 
anthropogenic emissions.  443 
Here, we report a range of China fossil fuel flux estimates using inventories from the 444 
Carbon Dioxide Information Analysis Center (CDIAC, Boden et al., 2017); Emissions 445 
Database for Global Atmospheric Research (EDGAR V4.3.2, Janssens-Maenhout et 446 
al., 2017); International Energy Agency (IEA, 2017); Liu et al., (2015); Shan et al., 447 
(2018); and the Open-Data Inventory for Anthropogenic Carbon dioxide (ODIAC, 448 
2016). The data published by CDIAC, EDGAR and ODIAC are similar and larger 449 
than the data from IEA, 2017 and Liu et al (2015) (Table S3). We scale ODIAC 450 
emissions over China by 88% for our control run, guided by recent Chinese sectoral 451 
emission estimates from Shan et al., (2018). We retain the seasonal and spatial 452 




 CDIAC EDGAR IEA Liu  Shan ODIAC 88% ODIAC 
2010 2.48 2.52 2.25 2.11 2.16 2.49 2.19 
2011 2.74 2.75 2.48 2.28 2.39 2.75 2.42 
2012 2.82 2.81 2.52 2.43 2.48 2.82 2.48 
2013 2.88 2.93 2.63 2.50 2.60 2.92 2.57 
2014 2.90 2.97 2.64  2.58 2.93 2.58 
2015 2.87 2.94 2.64  2.53 2.92 2.57 
2016 2.87 2.93    2.92 2.57 
Table S3 Annual Chinese estimates of fossil fuel and cement production (PgC/yr) 456 
from 2010 to 2016. 457 
A priori annual fossil fuel emissions for China, taken from the ODIAC inventory, 458 
represent 2.49-2.93 PgC/yr. As described above, for our control run we use 88% of 459 
the ODIAC emission estimates, so the fossil fuel emissions are 2.19-2.58 PgC/yr. 460 
Including fluxes from the ocean, biomass burning, and the land biosphere (section 2) 461 
results in a net a priori flux of 2.33-2.61 PgC/yr. 462 
Results and comparison with previous studies  463 
Table S4 shows our annual mean a posteriori land biosphere CO2 uptake for SR-1 464 
and SR-2 are -0.66±0.52 PgC/yr and -1.11±0.38 PgC/yr, respectively, during 2010-465 
2016. In comparison, a posteriori land biosphere CO2 uptake estimates inferred from 466 
GOSAT-ACOS are -0.83±0.47 PgC/yr and -1.10±0.43 PgC/yr during 2010-2015 and 467 
2015-2016, respectively, crudely separating year to account for the 2015/2016 El 468 
Niño.  469 
As noted in the main paper (Table 1), our SR-2 estimate for the land biosphere 470 
uptake of CO2 inferred from the new CMA in situ data (section 1) is higher than 471 
previous estimates. Piao et al (2009) used biomass and soil carbon inventories 472 
extrapolated by satellite observations of leaf phenology, process-based ecosystem 473 
models, and atmospheric inversions to infer independent CO2 flux estimates that 474 
range from -0.19 to -0.26 PgC/yr for Chinese terrestrial ecosystems over the 1980s 475 
and 1990s. They attributed 65% of this carbon sink to southern China due to regional 476 
changes in climate, large-scale reforestation and shrub recovery. Tian et al (2011) 477 
used a process-based ecosystem model driven by meteorological and atmospheric 478 
composition data and by knowledge of regional land use and management practices. 479 
They estimated a Chinese CO2 sink of -0.179 PgC/yr with a 95% confidence range 480 
from -0.062 PgC/yr to 0.264 PgC/yr. Wang et al (2015) used climate data, spatial 481 
distributions of ecosystems, and social statistics to infer a mean Chinese terrestrial 482 
biosphere carbon sink of -0.966 PgC/yr from 2001 to 2010. Zhang et al., (2014) and 483 
Jiang et al (2016) inferred the Chinese terrestrial biosphere CO2 sink using 484 
atmospheric data with four sites over China (WLG, LAN, LFS, SDZ).  Zhang et al., 485 
(2014) estimated a mean sink of -0.33 PgC/yr over the period 2001-2010 and Jiang 486 
et al. (2016) estimated a mean sink of -0.45 PgC/yr over the period 2006-2009, 487 
ranging from -0.39 to -0.51 PgC/yr.  488 
Other prominent studies on this topic have reported CO2 flux estimates for East Asia, 489 
which include CO2 terrestrial biosphere fluxes from China aggregated with those 490 
from Japan, North and South Korea and Mongolia.  Piao et al (2012) used similar 491 
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approaches to those used by Piao et al (2009) but with a larger ensemble of 492 
estimates to study a longer period from 1990 to 2009. They estimated the terrestrial 493 
carbon sink for East Asia to be -0.293±0.033 PgC/yr (inventory based approach), -494 
0.224±0.141 PgC/yr (process-based ecosystem models), and -0.270±0.507 PgC/yr 495 
(inferred from atmospheric data). Thompson et al. (2016) used an ensemble of 496 
terrestrial carbon flux estimates from several inversions to calculate a mean Asian 497 
land sink of -0.46 PgC/yr, ranging from -0.70 PgC/yr to -0.24 PgC/yr, for the period 498 
1996-2012. They noted this sink was mostly located in East Asia where the mean 499 
CO2 sink increased by 0.56 PgC/yr from 1996-2001 to 2008-2012.  500 
Our results for the standard inversion SR-1 are within the range of those reported by 501 
Thompson et al (2016), as expected since they use similar data. The additional CMA 502 
data provide strong constraints on Southwest China (SR-2) where other studies have 503 
noted there is strong carbon uptake but have not had sufficient data to quantify those 504 
regional fluxes.    505 
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 Total BS FF 1-s BS BS BS BS BS 
2010 2.23 0.04 2.19 0.97 -0.60±0.51 -0.99±0.38 -0.60±0.46 -0.95±0.32 - 
2011 2.33 -0.11 2.42 1.01 -0.74±0.53 -1.32±0.36 -0.93±0.49 -1.30±0.32 - 
2012 2.49 0.01 2.48 1.01 -0.74±0.53 -1.25±0.39 -0.69±0.51 -1.12±0.34 - 
2013 2.59 0.02 2.57 1.02 -0.61±0.55 -0.87±0.45 -0.88±0.47 -0.96±0.36 - 
2014 2.61 0.03 2.58 0.99 -0.68±0.49 -1.08±0.39 -0.93±0.48 -1.09±0.33 - 
2015 2.54 -0.03 2.57 1.03 -0.52±0.54 -1.03±0.34 -0.92±0.44 -1.02±0.31 -0.99±0.45 
2016 2.58 0.01 2.57 0.93 -0.77±0.47 -1.25±0.31 - - -1.21±0.41 
Mean 2.48 0 2.48 0.99 -0.66±0.52 -1.11±0.38 -0.83±0.47 -1.07±0.33 -1.10±0.43 
 507 
Table S4 Annual mean CO2 fluxes (PgC/yr) inferred from in situ and remote sensing data. A priori values for the total denote the 508 
sum of values from the terrestrial biosphere (BS) and fossil fuel and cement manufacture (FF). The 1-s value uncertainty 509 
corresponds to the total value. Inversion SR-1 denotes NOAA ObsPack in situ data (including one site over China); inversion SR-2 510 
denotes in situ data from NOAA ObsPack, Siberia, and from China; GOSAT-ACOS denotes GOSAT XCO2 data retrieved by the 511 





Sub-continental Chinese CO2 flux estimates  516 
To report sub-continental CO2 fluxes, we divide the Chinese mainland into eight 517 
geographical regions (Extended Data Figure 2), based on land use cover and 518 
economic regions. The eight sub-regions are Northwest China (NWC), North China 519 
(NC), Northeast China (NEC), Tibet Plateau (TP), Centre China (CC), East China 520 
(EC), Southwest China (SWC) and Southeast China (SEC).  521 
Table S5 shows that a posteriori CO2 fluxes from our defined sub-continental regions 522 
are weakly correlated with neighbouring regions, with the highest values generally 523 
with adjacent regions. We also give the correlation between one Siberia region 524 
(SIB,54oN-66oN, 70oE-85oE) and eight sub-continental regions in China. The Siberia 525 
region is weakly correlated with sub-continental regions in China. 526 
 527 
 Region NW North NE TP CC East SW SE SIB 
 NW +1.00         
 North -0.062 +1.00        
 NE -0.035 0.355 +1.00       
Jan TP 0.218 0.069 -0.059 +1.00      
 CC 0.040 0.388 -0.060 0.534 +1.00     
 East -0.048 0.669 0.069 0.120 0.564 +1.00    
 SW -0.032 0.141 -0.052 0.401 0.528 0.413 +1.00   
 SE -0.050 0.201 -0.028 0.063 0.370 0.493 0.837 +1.00  
 SIB -0.014 -0.077 -0.121 -0.056 -0.036 -0.017 0.0 0.006 +1.00 
 Region NW North NE TP CC East SW SE SIB 
 NW +1.00         
 North -0.049 +1.00        
 NE -0.034 0.364 +1.00       
Jul TP 0.230 0.117 -0.050 +1.00      
 CC 0.039 0.383 -0.058 0.551 +1.00     
 East -0.042 0.654 0.065 0.179 0.568 +1.00    
 SW -0.033 0.129 -0.062 0.314 0.604 0.387 +1.00   
 SE -0.054 0.177 -0.048 0.089 0.383 0.501 0.652 +1.00  
 SIB -0.014 -0.078 -0.070 -0.066 -0.043 -0.025 0.001 0.001 +1.00 
 528 
Table S5 A posteriori CO2 flux correlation coefficients of SR-2 between neighbouring 529 
regions during contrasting months, January and July 2011. 530 
Figure S8 shows annual net CO2 flux estimates for each sub-continental regions 531 
shown in Extended Data Figure 2.  A posteriori uncertainties are generally much 532 
smaller than a priori values, as expected, with the smallest values for the SR-2 533 
inversion that reflects the added information from the new sites. 534 
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We find that TP and SWC are the regions which have a continuous annual net CO2 535 
sink over the seven study years. The large net uptake in SWC corresponds to low 536 
fossil fuel emission and high biosphere uptake in this region (Extended Data Figure 537 
2). The other six geographical regions represent annual CO2 emissions. The largest 538 
emissions are from EC, NC, and SEC, consistent with the population distribution and 539 
economic zones: Yangtze River Delta, Circum-Bohai Sea, and the Pearl River Delta. 540 
EC accounts for approximately 52% of net Chinese CO2 emissions, despite 541 
significant land biosphere uptake. EC, SWC, SEC, NEC and CC are important 542 
regions for biosphere uptake, with SWC representing the largest annual value. 543 
Extended Data Figure 2 shows the monthly mean biosphere CO2 fluxes. For many of 544 
the regions the SR-1 inversion tracks a priori values throughout the year. The SR-2 545 
inversion generally shows larger variations throughout each season compared with 546 
the SR-1 inversion. Over SWC a posteriori CO2 fluxes are negative for most of the 547 
year, leading to a large, persistent annual net CO2 uptake over this region, 548 
accounting for about 32% of the biosphere uptake over whole China.  549 
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 550 
Figure S8 Annual regional a priori and a posteriori net CO2 fluxes over China during 551 
2010—2016. A posteriori fluxes are inferred from data used in SR-1 and SR-2 552 
inversions.  553 
Sensitivity tests 554 
A posteriori values are reported as the mean annual estimate for period 2010-2016, 555 
inclusive. 556 
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In our assimilation of (continuous) in situ observations, we sample model surface 557 
CO2 mixing ratios at the time (hour) and location of each observation and then 558 
optimally fit the resulting model daytime means with the mean observations between 559 
local time 09:00 to 16:00. Uncertainty of the mean observation is estimated by taking 560 
in account both the instrument (random) error, and the representation error that is 561 
mainly due to coarse model resolutions:  562 
!!" = !#$%" + $&" ,  563 
where !#$% is the instrument (random) error of the observation daytime mean, and $& 564 
represents the standard deviation between model and observed CO2 mole fractions 565 
between 09:00 and 16:00 local time. As a result, less weight is given to observations 566 
for which (comparatively coarse) model simulations are unable to reproduce 567 
transient and small-scale variations observed by the in situ sites.  568 
  569 
To further remove observations with variations that are not described by the model, 570 
we discard observations when there are fewer than three (hourly) data points in one 571 
day, or when they are far from model values (outside 3!! ).  Similar observation 572 
quality controls have been applied in top-down studies (e.g., Chevallier et al., 2007). 573 
We used a series of sensitivity experiments (SR3 to SR6) to investigate the effect of 574 
adopting different uncertainty estimates and observation filters (Table S6). When we 575 
relax the observational filter to 5!!, we infer a stronger biospheric sink: -0.85±0.50 576 
PgC/yr (SR3) and -1.26±0.34 PgC/yr (SR4). Further relaxing the observational filter 577 
to, say, 8 !!  results in only small additional changes (<0.05 PgC/yr). When we 578 
assume a fixed observation error of 2 ppm, we infer a weaker biospheric sink: -579 
0.68±0.52 PgC/yr (SR5) and -1.07±0.37 PgC/yr (SR6), almost the same with SR-1 580 
and SR-2, respectively. These sensitivity tests demonstrate the qualitative 581 
robustness of the main result of the paper.  582 
 583 
We also test the sensitivity of our a posteriori CO2 fluxes to assumed a priori 584 
uncertainties. The inversions SR-7 and SR-8 correspond to inversions SR-1 and SR-585 
2 but using an illustrative 20% reduction of the a priori uncertainty. A posteriori land 586 
biosphere fluxes for SR-7 (-0.55±0.45 PgC/yr) and SR-8 (-0.89±0.34  PgC/yr) are 17% 587 
and 20% weaker than values for SR-1 and SR-2, respectively, but consistent within 588 
their uncertainties. The direction of this change is as expected if we have better 589 
knowledge of the a priori flux estimates. The results of these sensitivity tests are also 590 
consistent with the main result of the paper.  591 
 592 
Experiment # Inversion description 
SR-1 Uses NOAA obspack_co2_1_GLOBALVIEWplus_v3.2_2017-11-
02 (GVI) database.  
SR-2 As SR-1 and data from CMA, JR-STATION and WDCGG. 
SR-3 As SR-1,  but we assimilate all observations within 5 times of !! 
SR-4 As SR-2,  but we assimilate all observations within 5 times of !! 
SR-5 As SR-1, but observation error is assumed to be a fixed value of 
2 ppm. 
SR-6 As SR-2, but observation error is assumed to be a fixed value of 
2 ppm. 
SR-7 As SR-5 but assuming 80% of a priori uncertainty. 
SR-8 As SR-6 but assuming 80% of a priori uncertainty. 
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SR-9 As SR-1 but using ODIAC emissions from China. 
SR-10 As SR-2 but using ODIAC emissions from China. 
SR-11 An ensemble mean of 30 SR-2 inversions each with a random 
selection 5% of data removed across all sites and years. 
Table S6 The inversions we present in this study. 593 
The method we use to infer the land biosphere CO2 flux is used widely in the 594 
community (Peylin et al.,2013; Thompson et al., 2016). First, we estimate net CO2 595 
fluxes by fitting our model to atmospheric CO2 mole fraction data and then subtract 596 
fossil fuel emission estimates. Consequently, our estimate for the land biosphere 597 
CO2 is sensitive to our assumed fossil fuel emissions. A recent study has developed 598 
a bottom-up inventory that revises downward Chinese fossil fuel emissions from 599 
1997 to 2015 (Shan et al., 2018). In SR-1 and SR-2, we retain the spatial distribution 600 
of ODIAC fossil fuel emissions but scale the total emissions by an illustrative 88%. 601 
Comparisons between SR-1 and SR-9 and between SR-2 and SR-10, only differ by 602 
the magnitude of a priori fossil fuel emissions. Our land biosphere CO2 flux for SR-1 603 
(-0.66±0.52 PgC/yr) is 26% weaker than SR-9 (-0.89±0.52 PgC/yr), and SR-2 (-604 
1.11±0.38 PgC/yr) is 25% weaker than SR-10 (-1.47±0.38 PgC/yr). 605 
The CMA weekly flask and hourly continuous data we have reported represent 606 
collectively 36,939 individual points. To determine the importance of individual data 607 
points we ran estimated the carbon fluxes 30 times each with a different 5% of the 608 
data removed (SR-11). For each member of this ensemble, 1,847 randomly selected 609 
measurements (identified using a normal distribution) from across the network and 610 
across all years were removed. We find that the resulting nationwide carbon uptake 611 
estimate weakens by approximately 0.07 PgC/yr (6%) when we remove 5% of the 612 
data. The ensemble mean and median carbon flux estimate for China is -1.038 613 
PgC/yr, ranging from -1.043 PgC/yr to -1.033 PgC/yr. The a posteriori flux estimates 614 
for the sub-continental regions (Figure S12) are similarly robust and approximately 6% 615 
weaker.  616 
These results underscore the importance of being able to estimate independently 617 
fossil fuel and land biosphere fluxes of CO2. On smaller geographical scales our a 618 
posteriori land biosphere fluxes for SWC are -0.35±0.15 PgC/yr (SR-2), -0.38±0.15  619 
PgC/yr (SR-9) and -0.41±0.15 PgC/yr (SR-11), and for NEC are -0.05±0.14 PgC/yr 620 
(SR-2), -0.09±0.14 PgC/yr (SR-9), and -0.05±0.14 PgC/yr (SR-11), respectively. 621 
Considering the results of all of our experiments, our a posteriori estimates for the 622 
CO2 terrestrial biosphere uptake over China inferred using only the NOAA ESRL 623 
Obspack GLOBALVIEWplus data range from -0.55±0.52 PgC/yr to -0.89±0.52 624 
PgC/yr.  A posteriori estimates for the CO2 terrestrial biosphere uptake over China 625 
that also include the CMA data range from -0.89±0.38 PgC/yr to -1.47±0.38 PgC/yr. 626 
 627 
Evaluation  628 
We evaluate our a posteriori atmospheric CO2 values with Comprehensive 629 
Observation Network for TRace gases by AIrLiner (CONTRAIL) data and Total 630 
Carbon Column Observing Network (TCCON) data. First, we find neither data from 631 
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TCCON nor the CONTRAIL data are very sensitive to our a posteriori Chinese fluxes. 632 
Consequently, there is very little difference between a posteriori values from SR1 633 
and SR2 and the independent data. It is because of this result that we used the 634 
satellite data as a way to evaluate the a posteriori fluxes (section 5) we inferred from 635 
the CMA in situ data.  636 
Figure S9 shows that atmospheric CO2 inferred from our different inversions (SR-1, 637 
SR-2 and an inversion using only GOSAT ACOS data), sampled at the location of 638 
CONTRAIL data, are very similar. This is because CONTRAIL data are not 639 
particularly sensitive to fresh Chinese outflow. Our comparison with CONTRAIL data 640 
uses exclusively ascent and descent measurements (500-900 hPa). These 641 
CONTRAIL data that recently been linked to changes in nearby upwind cities 642 
(Umezawa et al, 2020). So, variations in CONTRAIL data will also reflect changes in 643 
localized urban sources as well as larger scales relevant to our experiments.   644 
We find that the TCCON site in Tsukuba (TK), Japan is the only TCCON site with 645 
any sensitivity to Chinese CO2 fluxes, which is only modest. Figure S10 shows the 646 
comparison of these TCCON data and our a posteriori CO2 concentrations sampled 647 
at TK. We find that our results from SR2 are only slightly better than SR1. The shift 648 
in the residual from late 2013 corresponds to a time when the Tsukuba Bruker 649 
125HR was configured to include an additional IR channel and Si detector, allowing 650 
investigators to take correct a laser sampling error associated with the pre-651 
processing of the GFIT spectral fitting method used in the GGG2014 data version 652 
(https://tccondata.org/2014). A laser sampling error correction that uses only the 653 
SWIR InGaAs detector spectra could help reduce the bias prior to January 2014.  654 
655 
Figure S9 Comparison of a posteriori atmospheric CO2 inferred from different 656 
inversions using subsets of atmospheric CO2 mole fraction data collected over the 657 
region defined as 10°-25°N, 90°-115°E, 900-500 hPa by CONTRAIL data.  658 
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659 
Figure S10 a Comparison of CO2 column data observed by TCCON Tsukuba (TK) 660 
Japan and a posteriori atmospheric CO2 columns inferred from different inversions 661 
that use subsets of atmospheric CO2 mole fraction data, and b the corresponding 662 
model minus observation residuals.  663 
 664 
Table S7 show select statistics of residuals between observed CO2 mole fractions 665 
and model values corresponding to a posteriori flux estimates (SR-1 and SR-2). A 666 
posteriori CO2 fluxes of SR-2 result in smaller mean residuals and smaller standard 667 
deviations about those means, relative to the observations compared to the SR-1 a 668 
posteriori CO2 fluxes, as expected. The mean residuals of the 12 sites for SR-1 and 669 
SR-2 are -0.31 ppm and 0.04 ppm, respectively, and the corresponding standard 670 
deviations are 2.23 ppm and 2.03 ppm, respectively, 671 
 672 




















WLG China 36.12oN,100.06oE 0 1.84 0.58 1.78 
AKDL China 47.10oN,87.93oE 1.09 2.33 1.14 1.79 
JS China, 29.63oN,114.22oE -2.06 2.64 -1.08 2.33 
SDZ China 40.65oN,117.12oE 0.11 2.55 0.15 2.37 
SL China 28.00oN, 99.40oE -1.59 2.56 0.56 2.30 
LFS China 44.73oN,127.60oE 0.50 3.54 0.33 2.68 
LAN China 30.03oN,119.72oE -0.36 2.97 0.06 2.77 
UUM Mongolia 44.45oN,111.10oE 0.16 2.17 0.11 2.38 
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MNM Japan 24.28oN,153.98oE -0.14 0.90 -0.01 0.93 
RYO Japan 39.03N,141.82oE -0.85 1.94 -1.04 1.86 
TIK Russia 71.60oN,128.89oE 0.15 0.64 0.12 0.53 
DSI Taiwan 20.70oN,116.73oE -0.71 2.69 -0.42 2.68 
 673 
Table S7 Mean statistics of the residuals between observed and a posteriori CO2 674 
mole fractions. 1-s values denote the standard deviation about the mean values. 675 
4 Forest Data over China  676 
 677 
Here, we provide a critical review of correlative remote sensing and forest census 678 
data to put our result in a broader perspective. We focus on forest ecosystems 679 
because they represent the largest contribution to the net terrestrial carbon sink over 680 
China (Fang et al, 2007). We use satellite remote sensing data and national forest 681 
inventory data to examine forest change over China.   682 
Remote sensing data of forest coverage and change  683 
We use the MODIS Land Cover Type Yearly Climate Modeling Grid (CMG) product 684 
that has a spatial resolution of 0.05° (MCD12C1) and covers the time period 2001-685 
2012 (Friedl et al, 2010). We use the 17 land cover classes defined by the 686 
International Geosphere Biosphere Programme (IGBP) global vegetation 687 
classification scheme. We estimate the forest change with MODIS landcover data 688 
(MCD12C1). All land cover types are classified as forest or non-forest.   689 
Extended Data Figure 7 shows that most of China’s forests are located in the south 690 
and northeast of the country. It also shows that forest cover (from non-forest to forest) 691 
has expanded considerably over the period 2001-2012, especially in SWC.  692 
National forest inventories  693 
China’s State Forestry Administration (SFA) conducts a National Forest Inventory 694 
(NFI) every five years (Zeng et al., 2015). Each survey uses established international 695 
standard National forest resource continuous investigation techniques method. The 696 
SFA is currently in the process of the ninth NFI (2014-2018).  697 
We use survey data from the first (1973-1976) to eighth (2009-2013) forest inventory 698 
data for the whole country and from the ninth forest survey for three southwest 699 
provinces: Yunnan, Guangxi, Guizhou. This is summarized in Extended Data Table 1. 700 
We focus on forest change on the country-scale, three provinces in SWC (Guangxi, 701 
Yunnan and Guizhou), and three provinces in NEC (Heilongjiang, Jilin and Liaoning).   702 
Extended Data Figure 6 show how these surveys document the increase in forest 703 
coverage over China. Forest coverage in 2013 (22%) from the eighth survey has 704 
doubled since the 1970s (13%) from the first survey, increasing from 121.9 to 207.7 705 
million hectares with corresponding forest stocks volume increasing from 8.6 to 15.1 706 
billion cubic metres. This large-scale increase, particularly since the 1990s, is due to 707 
China’s policy and investment on the protection of natural forest and afforestation 708 
and on the recovery of natural forest and large areas of plantation forest. In particular, 709 
since the start of the century forest resources have experience a period of rapid 710 
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growth. All provinces show an increase in forest cover with Guizhou, Guangxi, and 711 
Liaoning changes the highest percentage increases.   712 
We discuss data from the three most recent publicly available national surveys (6th, 713 
7th, 8th) for the whole country, and also include results from the 9th survey for the 714 
three southwest provinces, Guangxi, Yunnan and Guizhou (Extended Data Table 1). 715 
From 1999-2013, Chinese forest area has increased by 22.2 million hectares and the 716 
plantation forest area increased by 16.1 million hectares. Forest stocks have 717 
increased by 2.7 billion m3. This is due to Chinese forest protection and afforestation 718 
activities from 1999 to 2013. 719 
The six provinces all have high forest coverage, especially Guangxi (60%) and 720 
Yunnan (59%). Yunnan and Heilongjiang have the largest forest stocks.  For the 721 
three northeast provinces, Heilongjiang, Jilin and Liaoning, forest stocks have 722 
increased by 269.9, 106.1 and 75.7 million m3, respectively. The increase of forest 723 
stock in Heilongjiang alone accounts for 10% of the whole country’s growth.  724 
The subtropical forest in SWC mainly comprises of evergreen broadleaf forest on the 725 
plains and coniferous forest in mountainous regions. Forest cover and forest area in 726 
SWC has progressively increased, especially the area associated with plantation 727 
forest. For the three provinces in Southwest China (Guangxi, Yunnan and Guizhou) 728 
over the period 2000 to 2016: forest coverage has increased by 18-20%, forest land 729 
area has increased by a factor of 1.4-1.8, and forest stock has increased by a factor 730 
of 1.4-2.2. The increase in forest stock Yunnan alone represents 19% of the national 731 
value.  732 
A key factor for the rapid increase of forest in SWC is the increase of plantation 733 
forests. China currently has the world’s largest afforestation area (FAO, 2016).  SWC 734 
is one of the main regions of plantation (Huang et al., 2012). The Gunagxi 735 
Autonomous Region has the largest plantation area, representing approximately 9% 736 
of the total plantation within China [State Forestry Administration of the People’s 737 
Republic of China’s, 2018]. SWC includes the eucalyptus economic forests that have 738 
high growth rates. These eucalyptus forests represent 25% and 10% of planted 739 
forest in Guangxi and Yunnan. The plantation forest in Guangxi, Yunnan, and 740 
Guizhou accounts for a large proportion of the forest, the area proportion is 51%, 25% 741 
and 51% respectively and the stock proportion is 51%, 14% and 42% respectively in 742 
the 9th NFI.  743 
The inventory data also show an increase of annual forest growth rate, from 3.6 744 
m3/year/ha (2003) to 4.2 m3/year/ha (2013). Plantation forests grow more rapidly (5.5 745 
m3/year/ha) than natural forests (3.7 m3/year/ha), the eucalyptus forest even can 746 
reach to 15 m3/year/ha.  Eucalyptus in Yunnan and Guangxi account for 50% of the 747 
whole country and is the second kind of plantation forest in Guangxi. 748 
Another key factor that determines the magnitude of the carbon sink is the age of the 749 
forest. A consequence of the rapid increase of afforestation during the last 30 years 750 
is that Chinese forests contain a large fraction of young and mid-aged trees, which 751 
are associated with a high rate of carbon sequestration [Pan et al., 2004; Wang et al., 752 
2011a; Yu et al, 2017]. Forests are classified as young, middle-aged, near-mature, 753 
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mature, and over-mature using distinct biological attributes, growth process, and 754 
management and utilization purpose [State Forestry Administration of the People’s 755 
Republic of China’s, 2018]. 756 
Extended Data Figure 9 shows that for China and the six provinces in SWC and 757 
NEC, typically 60% of forest areas are classified as young or middle-aged. In Jilin 758 
just over half of the forest area is young or middle-aged, and in Gunagxi and 759 
Guizhou over 80% of the forest areas is young or middle-aged.   760 
Forests in Liaoning, Guizhou and Guangxi are the youngest, with 47%, 50%, and 46% 761 
classified young forest, respectively. From 1990 to 2010, forest coverage in Guizhou 762 
increased from 15% to 37%, Guangxi from 25% to 56%, and Liaoning from 27% to 763 
38%. This reflects sustained afforestation, accompanied with high proportion of 764 
plantation forest in these three provinces.  Extended Data Figure 9 shows these 765 
young forests represent only a small fraction of current forest stocks. This suggests 766 
that these young forests have still to realize their potential CO2 sequestration 767 
capacity.  768 
Remote sensing data of land biosphere activity 769 
To interpret our in situ a posteriori CO2 fluxes we use a variety of remote sensing 770 
data of land biosphere activity. 771 
Leaf Area Index (LAI) is a vegetation index. It is defined as the one-sided green leaf 772 
area per unit ground area in broadleaf canopies and as half the total needle surface 773 
area per unit ground area in coniferous canopies. We use it here to track vegetation 774 
growth. We use MCD 15A2H:(MODIS/Terra+Aqua Leaf Area Index/FPAR 8-Day L4 775 
Global 500 m SIN Grid V006) data (Myneni et al., 2015) to show the LAI information.  776 
Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index 777 
(EVI) are alternative vegetative indices. They represent composite properties of leaf 778 
area, chlorophyll and canopy structure. We use MOD13C2 (MODIS/Terra Vegetation 779 
Indices Monthly L3 Global 0.05° CMG V006) (Didan et al.,2015) to get NDVI AND 780 
EVI information. The data are only retained with pixel reliability values masked as 781 
good data (“0”) or marginal data (“1”).  782 
Gross Primary Productivity (GPP) is the amount of biomass that vegetation 783 
creates in a given length of time. We use it as a measure of the growth of terrestrial 784 
vegetation. The data product we use is determined on the radiation use efficiency 785 
concept. We use MOD17A2H (MODIS/TERRA Gross Primary Productivity 8-Day L4 786 
Global 500 m SIN Grid V006) that is a cumulative 8-day composite of values with 787 
500 metre pixel size based on the radiation-use efficiency concept (Running et al., 788 
2015).  789 
Net Photosynthesis (PSN) is the difference between GPP and the Maintenance 790 
Respiration (GPP-MR). The data we use are from the same files as GPP.  791 
The MODIS data are downloaded from LP DAAC (Land Processes Distributed Active 792 
Archive Center, lpdaac.usgs.gov). The 500m resolution data are mosaicked and 793 
reprojected from the native sinusoidal projection to a geographic projection using the 794 
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MODIS Reprojection Tool (MRT). We used the MRT to re-project from the MODIS 795 
uniform grid (500m) to a geographical uniform grid (0.1°). 796 
GOSAT Solar-Induced Fluorescence (SIF) is a measure of photosynthesis. Trees 797 
fluoresce in the range 650-800 nm, peaking at 685-690 nm and 730-740 nm. We use 798 
GOSAT SIF data retrieved using a spectral window centred on 755nm. Data are 799 
provided by University of Leicester on a regular 1ox1o grid (Somkuti et al, 2018).   800 
Above-ground Biomass Carbon (ABC). We use ABC estimates (1993-2012) 801 
based on harmonized vegetative optical depth data for 1993 onwards derived from a 802 
series of passive microwave satellite sensors (Liu et al, 2015). These sensors 803 
include the Special Sensor Microwave Imager (SSM/I), Advanced Microwave 804 
Scanning Radiometer for Earth Observation System (AMSR-E), FengYun-3B 805 
Microwave Radiometer Imager (MWRI) and Windsat.  Data are available from 806 
http://www.wenfo.org/wald/global-biomass/.  807 
Extended Data Figure 8 shows multi-year means of these remote sensing data over 808 
China. NDVI, EVI, LAI and SIF data show values indicative of large biospheric 809 
activity over southern China (SWC and SEC) and NEC. These distributions of 810 
biospheric activity are consistent with the forest distribution showed in Extended 811 
Data Figure 7. As a result, the GPP and PSN are consistent with the distribution of 812 
NDVI, EVI, LAI and SIF.  SWC has the largest PSN, which is consistent with our 813 
results shown in Figure 2 and Extended Data Figure 2. The ABC data show the 814 
above aground biomass carbon are mainly in SWC, CC and NEC, which illustrate 815 
the important role of these regions in carbon uptake in China, especially SWC and 816 
NEC. 817 
Figure S11 show that NDVI and EVI over NEC and SWC have marginally increased 818 
from 2010-2016. NEC has a larger seasonal amplitude than SWC.  819 
 29 
 820 
Figure S11 Seasonal variations in (top) NDVI and (bottom) EVI over (left) SWC and 821 
(right) NEC, 2010-2016. 822 
 823 
Figure S12 shows year-to-year variations in NDVI from 2001 to 2016, including 824 
variations in the peak and trough values, mean annual values, and mean values 825 
during the growing season (April-November for SWC and SEC, and May-October for 826 
the other regions). We find a general increase of NDVI over China, especially the 827 
‘green’ regions, including CC, EC, SWC, SEC and NEC. This is consistent with the 828 
increase in forest coverage over China, as discussed above. We also find that over 829 
TP, EC, SWC and SEC trough NDVI values have increased more than the peak 830 
values, resulting in a progressively dampened seasonal cycle. In contrast, over CC, 831 
NC, and NEC, we find that peak value has increased more than the trough value 832 
resulting in a larger seasonal cycle. We find similar results from our analysis of EVI 833 




Figure S12 Year-to-year variations in NDVI over Chinese subcontinental regions 837 
(Extended Data Figure 2). Different colours denote the minimum and maximum 838 
values, mean annual value, and the mean value for the growing season. Inset is also 839 




Meteorology and hydrology measurements over SWC 843 
 844 
We use GEOS-5 and GEOS-FP met fields to give the precipitation and temperature 845 
change in SWC (Figure S13).  846 
Even though parts of SWC experienced two anomalous droughts during 2009-2015, 847 
autumn 2009 to spring of 2010 and during summer 2011 (Xu et al., 2015), we find an 848 
upward trend in precipitation over the broader geographical region.  849 
 850 
Figure S13 GEOS-5/GEOS-FP a precipitation rate (mm/m2/day) and b surface skin 851 
temperature (K) over SWC from 2009 to 2016. 852 
Gravity Recovery and climate experiment (GRACE) provides information about 853 
changes in the water column. Rooting depths of Chinese terrestrial ecosystems will 854 
likely be sufficiently deep that we cannot establish a direct and immediate 855 
relationship between vegetation and changes in precipitation. Changes in gravity due 856 
to changes in water column depth provide a much stronger relationship with 857 
vegetation access to water.  858 
We use the surface mass change data based on the RL05 spherical harmonics from 859 
CSR (Center for Space Research at University of Texas, Austin), JPL (Jet 860 
Propulsion Laboratory) and GFZ (GeoforschungsZentrum Potsdam). The three 861 
different processing groups chose different parameters and solution strategies when 862 
deriving month-to-month gravity field variations from GRACE observations. We use 863 
the ensemble mean of the three data fields and multiply the data by the provided 864 
scaling grid. Data are available from http://grace.jpl.nasa.gov. 865 
Analysis of GRACE data over SWC reveals a large seasonal cycle, determined by 866 
changes in precipitation, and a significant positive trend in the column water amount 867 
over this region. This trend also appears to be consistent with the increase in 868 
precipitation (Figure S14). 869 
 32 
 870 
Figure S14 Anomalies in liquid water equivalent thickness (cm) inferred from the 871 
GRACE data over SWC. Anomalies are defined as the deviation from the 2004-2009 872 
mean. The best fit regression line and the corresponding p-value are shown inset. 873 
 874 
5 Comparison between in situ and satellite measurements 875 
inversion 876 
 877 
As shown in Table 1 from the main paper, annual a posteriori biospheric CO2 fluxes 878 
inferred from GOSAT and OCO-2 satellite column observations of CO2 are less 879 
negative (smaller net sink) than annual fluxes inferred from the in situ (SR-2) data.  880 
Extended Data Figure 5 shows monthly variations of the land biosphere flux inferred 881 
from in situ observations (inversion SR-2) and from GOSAT and OCO-2 satellite. We 882 
find that the higher annual fluxes inferred from GOSAT and OCO-2 are due mainly to 883 
higher a posteriori fluxes during October to April when data coverage is sparse 884 
(Extended Data Figure 4) and the fluxes are more influenced by a priori values.  885 
Extended Data Figure 3 shows that mean a posteriori CO2 flux distributions for May-886 
September 2010-2015, inclusively, inferred from GOSAT and OCO-2 are consistent 887 
with the SR-2 inversion using in situ data. Uneven samplings during summer months 888 
(due to clouds and aerosols) result in some regional flux estimates reverting to a 889 
priori values (e.g. over the Tibetan Plateau), as expected. 890 
  891 
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